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Abstract Global Navigation Satellite System‐Reflectometry (GNSS‐R) measurements of the ocean
surface are sensitive to roughness scales ranging from a few cms to several kms. Inside a hurricane the
surface roughness changes drastically due to varying sea age and fetch length conditions and complex
wave‐wave interactions caused by its cyclonic rotation and translational motion. As a result, the relationship
between the surface roughness at different scale sizes becomes azimuthally dependent, as does the
relationship between scattering cross‐section and wind speed as represented by a Geophysical Model
Function (GMF). In this work, the impact of this azimuthal variation on the scattering cross‐section is
assessed. An empirical GMF is constructed using measurements by the NASA CYclone GNSS (CYGNSS)
matched to HWRF reanalysis surface winds for 19 hurricanes in 2017 and 2018. The analysis reveals a 2–8%
variation in scattering cross‐section due to azimuthal location, and the magnitude of the azimuthal
dependence is found to grow with wind speed.
Plain Language Summary Global Navigation Satellite System‐Reflectometry (GNSS‐R) is a
technique of studying reflected GPS signals to extract useful information about the surface. CYGNSS is
the first of its kind GNSS‐R constellation mission selected by NASAs earth venture program. The goal of the
mission is to understand inner core processes in hurricanes by making accurate surface wind speed
measurements there. Wind speed at the surface is determined using a GMF that maps the reflection
measurement to a wind speed. Due to the complex nature of sea state and wave interactions inside a
hurricane, measured scattering cross‐section depends on the azimuthal location of the measurement inside
the hurricane system. A modified GMF is proposed here that accounts for the azimuthal dependence.
Themodel is developed bymatching up CYGNSSmeasurements to hurricane winds estimated by the NOAA
HWRF model for 19 hurricanes during 2017 and 2018. The new GMF accounts for a 2–8% variation in the
measurements due to azimuthal location which increases with wind speed.
1. Introduction
The measurement of hurricane wind fields has a long history, ranging from airborne measurements (Jones
et al., 1981; Uhlhorn et al., 2007; Wright et al., 2001) to spaceborne observations made by microwave radio-
meters and radars (Ebuchi et al., 2002; Figa‐Saldaña et al., 2002; Gaiser et al., 2004). The key challenges for
mapping the complex hurricane wind fields are the need for adequate spatial and temporal sampling of such
fast evolving phenomena and the ability to penetrate through strong rain bands to measure the surface
winds. Global Navigation Satellite System‐Reflectometry (GNSS‐R) is a relatively new field of remote sen-
sing that uses the existing GNSS signals to study the surface. It greatly improves the sampling and revisit cap-
ability by utilizing the existing GPS transmitter constellation, and its L‐band measurements are less affected
by the heavy precipitation in the rain bands.
A GNSS‐R system is a bistatic radar in a specular forward scattering geometry. A number of airborne
(Garrison et al., 1998, 2002; Katzberg et al., 2001) and spaceborne GNSS‐R systems (Foti et al., 2015;
Gleason, 2013; Soisuvarn et al., 2016) have verified the ability of this configuration to successfully retrieve
ocean surface winds from space. A GNSS‐R radar measures the scattering cross‐section of the surface around
the region of specular reflection. The reflected GPS signal observed by a GNSS‐R receiver is mapped into
delay‐doppler space for different time delays, and doppler shifts are observed. This forms the
Delay‐Doppler Map (DDM) of the surface (Gleason et al., 2009).
It is important to note that the scattering cross‐section measured by a GNSS‐R receiver is directly related to
the surface roughness rather than the surface wind itself. GNSS‐R forward scatter is quasi specular
©2020. The Authors.
This is an open access article under the
terms of the Creative Commons
Attribution License, which permits use,
distribution and reproduction in any





• Azimuthal variations of GNSS‐R
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incoherent scatter in most conditions. Thus an appropriate Mean Squared Slope (MSS) of the surface as
sensed by GNSS‐R measurements is an integration of the wave spectrum over a range of wavelengths ran-
ging from several meters up to a few tens of cms. The surface MSS is inversely related to the measured nor-
malized bistatic radar cross‐section (σ0). The Geophysical Model Function (GMF) maps this σ0 to the ocean
surface wind speed empirically to retrieve the near‐surface wind speed from the measurements. In a hurri-
cane environment, with complex temporal and spatial distribution of wind and wave fields, it is a challen-
ging task to accurately retrieve wind speed from GNSS‐R measurements. The scattering cross‐section
depends on surface roughness scales spanning a wide range from small capillary waves to long gravity
waves. In fully developed seas, with essentially infinite sea age and fetch length, the relative magnitude of
the surface roughness at different scale sizes reaches an equilibrium state due to energy cascade and dissipa-
tion mechanisms. Inside a hurricane, however, the sea age and fetch length conditions can vary significantly
with azimuthal location due to its rotational and translational motion. This can perturb the balance between
the roughness at different scales and alter the measured scattering cross‐section. Despite its complex nature,
several simulations (Fan et al., 2009; Moon et al., 2003; Young, 2017), directional buoy measurements
(Young, 2006), and airborne missions (Uhlhorn et al., 2007; Walsh et al., 1985; Wright et al., 2001) have, over
the years, helped develop directional wave spectra for hurricanes. The directional wave spectra acquired
from several hurricane reconnaissance missions suggest that local wind and wave directions vary sinusoid-
ally with the azimuth angle referenced to the hurricane heading and have a weak radial dependence (Hwang
et al., 2017). These results suggest that remote sensing techniques such as GNSS‐R, which depend on surface
wave scattering, should consider azimuthal wind‐wave response functions for accurate modeling and subse-
quent wind retrieval.
A GNSS‐R GMF describes the relationship between measured scattering cross‐section and the 10 m refer-
ence wind speed. Previous empirical GMFs for hurricane winds have been developed without allowing for
possible dependence on azimuthal location within the storm (Clarizia et al., 2014; Ruf &
Balasubramaniam, 2018). As a result, actual azimuthal dependencies are essentially averaged out, and wind
speed retrieval errors will be correlated with azimuth location. An improved, azimuthally dependent,
empirical GMF is developed here to better account for the azimuthal variation of the wind and wave direc-
tions. A large data set of observations from the CYGNSS mission is used. CYGNSS is a NASA mission that
was launched in December 2016. It has eight microsatellites equally spaced around a 520 km circular orbit
inclined at 35 degrees. Each satellite carries a GNSS‐R radar receivers tuned to measure GPS L1 signals at
1.575 GHz, thereby enabling it to make measurements through heavy precipitation regions with a mean
revisit time of 7 hr. The DDM measurements are made at a rate of 1 Hz and have continued uninterrupted
since March 2017.
In this work, the impact of azimuthal variation on the measured scattering cross‐section is assessed using
CYGNSS data over 19 major hurricanes across different basins during 2017 and 2018. For this analysis,
HWRF reanalysis hurricane winds are used as a reference. The remainder of this paper is structured as fol-
lows. Section 2 gives a description of the data sets used and the observations from the CYGNSS‐HWRF
matchup analysis. Section 3 describes the empirical GMF developed as a function of azimuth angle;
Section 4 assesses the performance of the proposed model, and section 5 provides the conclusions of
the study.
2. Theory and Observations
For this analysis, the v2.1 release of CYGNSS Level 1 σ0 measurements over 19 major hurricanes from 2017
and 2018 is used (PO.DAAC, 2018). The data are matched to Hurricane Weather Research and Forecasting
(HWRF) reanalysis winds of the inner nest grid spacing of 2 km. The HWRF winds are re‐sampled to
CYGNSS resolution and are empirically paired to CYGNSS σ0 observations with a maximum temporal
separation of 60min and amaximum spatial separation of 0.25 deg lat and lon. Thematchups are then trans-
lated into a storm‐centric‐direction of motion‐based coordinate system for the purpose of understanding the
azimuthal variation of measurements relative to the storm heading. The Weather Research and Forecast
(WRF) system for hurricane prediction (HWRF) is an operational model developed by the National
Centers for Environmental Prediction (NCEP). HWRF provides three domains (one parent and two nested)
and is based on the initial position of the storm and on the National Hurricane Center (NHC) forecast of the
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72 hr storm position. The two nested domains move along the storm with
a coverage of 24 deg × 24 deg and 7 deg × 7 deg for the middle nest and the
inner nest, respectively (Tallapragada et al., 2014). For our purposes, we
use the inner nest gridding that offers the finest resolution of about
0.015 deg (approximately 2 km). The CYGNSS level 1 σ0 are also filtered
by several quality measures for this analysis. Only observations with high
antenna gain (>5 dB) and the overall quality flag set to best quality are
used. This has allowed a total data set consisting of ∼187,000 observations
in hurricanes by CYGNSS. Table 1 lists the different hurricanes contained
in this data set.
The CYGNSS wind retrieval algorithm uses the two measured observa-
bles, namely, the normalized bistatic radar scattering cross‐section (σ0)
and the slope of the leading edge of the radar return pulse scattered by the ocean surface (LES) (Clarizia
& Ruf, 2016). With these observables, GMFs are empirically derived by pairing near co‐incident independent
estimates of 10m referenced ocean surface wind. For a fully developed sea (FDS), which constitutes the
majority of the measurements, the observables are matched to the ground truth reference which is the com-
bination of European Centre for Medium‐Range Weather Forecasts (ECMWF) and Global Data
Assimilation System (GDAS) reanalysis wind speed products. This results in a FDS GMF. For young sea con-
ditions with limited fetch (YSLF), as observed in hurricanes, a YSLF GMF is generated using matchups with
near co‐incident NOAA P‐3 hurricane hunter passes over the major Atlantic storms in 2017 (Ruf &
Balasubramaniam, 2018).
Examples of the FDS and YSLF GMFs are shown in Figure 1 for observations at incidence angles of 10, 30,
and 50 deg. Above wind speeds of ∼15 m/s, the two GMFs diverge due to the underdeveloped state of seas
near tropical cyclones, which tends to lower the roughness and increase the scattering cross‐section. One
important feature to note is the difference in the slope of the two GMFs at higher wind speeds. The YSLF
GMF at high wind speeds has a higher value and a shallower slope (lower |dσ0/du10|) for all incidence
angles. In general, the high wind slope of the GMF can be used as a proxy for sea state development, with
lower magnitudes being associated with younger seas.
Table 1
Hurricanes From Different Basins in the CYGNSS‐HWRF Matchup
Data Set
West Pacific East Pacific Atlantic Indian
Jebi Aletta Florence Mekunu






Figure 1. CYGNSS GMF for FDS winds shown by dotted lines and YSLF winds shown with solid lines. Incidence angles
of 10, 30, and 50 deg are shown.
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Figure 2 shows the distribution of winds in different quadrants of a hurricane using the CYGNSS‐HWRF
matchup data set. The wind distribution inside the hurricane strongly varies in the azimuthal sense. In the-
ory, the first quadrant is the generation region (shown in Figure 3a) and has the maximum energy. Also,
Quadrant 1 has the largest wind speeds relative to the surface because the winds generated by the storm
in this region are added to the storm motion. The wind generates a spectrum of waves with different group
velocities. Waves that have their group velocity equal to the velocity of the forward motion of the storm
remain in the intense wind region and receive maximum energy from the wind. Waves with group velocity
greater than storm forward motion velocity will outrun the storm and propagate ahead as swell waves and
those with a lower group velocity than the storm will be outrun by the storm and will be left behind
Figure 2. Distribution of winds in different quadrants in a storm relative to its heading.
Figure 3. (a) Description of storm‐centric‐direction of motion‐based coordinate system used in this paper. (b) Sample
CYGNSS tracks overlaid on HWRF wind field. HWRF wind intensity is shown by the colorbar on the left, and the
quadrant of the CYGNSS sample is shown by the colorbar on the right.
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(Young, 1999). The swell radiating out ahead of the storm will often interact with the local calm sea in
phase quadrature, resulting in a confused sea condition. This is generally observed ahead of the storm
and to the rear of the storm, resulting in a younger sea in each of those regions.
The adequacy of a single slope for the GMF is assessed by determining the slope separately in each quadrant
of a storm, relative to the storm heading. The storm quadrants are defined based on the Cartesian represen-
tation of quadrants with increasing azimuth angle in the anti‐clockwise direction (see Figure 3a). An
example track of CYGNSS overlaid on HWRF, partitioned by storm quadrant (color bar on the right) is
shown in Figure 3b, the storm heading is represented by the black arrow at the storm center (identified
by the red circle).
For the purpose of analysis, the range of HWRF wind speeds from 20 to 70m/s is divided into bins. The cen-
ter of each wind speed bin is stepped in 1m/s increments from 20 to 70m/s. Within a bin, all corresponding
CYGNSS scattering cross‐section measurements are averaged together. The wind speeds are binned in this
way to reduce biases in the estimation process due to variations in sample size at different wind speeds.
The width of each wind speed bin is chosen based on the RMS difference plot shown in Figure 4a. RMS dif-
ference is evaluated by
RMSDðwiÞ ¼ sqrt < ðσ0i − σ0iÞ2 > (1)
Figure 4. (a) Choice of wind speed averaging bin width based on RMS error. (b) GMF for different quadrants.
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Here σ0i is the set of radar cross‐sectionmeasurements in the ith wind bin,wi andσ0i is the mean value of the
cross‐section in the given bin. The bin width is set as a variable parameter, and the error for different wind
speed ranges and bin widths is plotted in Figure 4a. The RMS difference is found to be roughly constant for
bin widths up to ±5m/s; thus for optimal performance, we choose a width of ±4m/s for the analysis
throughout this paper. Figure 4b shows the GMF for different storm quadrants. The slope is derived by linear
regression over the binned radar cross‐section, as described above. These GMFs at high winds can be seen to
vary with quadrants. This is consistent with the azimuthal variation of the local wind wave directions in pub-
lished directional wavenumber spectrum data sets (B24, I09, I12, and I14) (Hwang et al., 2018). Quadrant 3
has the highest GMF, indicating a younger sea condition. Quadrant 2 has the lowest GMF, indicating an
extended fetch and duration, therefore a longer sea age.
3. Harmonic Model Function
An empirical GMF is developed here which includes first‐ and second‐order harmonic dependence on azi-
muthal location within the storm. This approach is based on the idea that any azimuthally varying
Figure 5. (a)–(c) Model parameters for azimuth GMF. (d) Azimuthal model for scattering cross‐section shown for three different wind speeds.
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function can be modeled as a linear combination of sinusoids. This technique is commonly used to represent
the azimuthal dependence of radar and radiometer observations of ocean surface winds (Meissner &Wentz,
2002; Wentz & Smith, 1999). The functional form of the model is given by
σ0 ¼ f ðw; φÞ ¼ a0ðwÞ þ b1ðwÞsinðφÞ þ b2ðwÞsinð2φÞ (2)
wherew is the wind speed, φ is the azimuth angle, and (a0, b1, b2) are model parameters that depend on wind
speed. Note that the slope of the GMF above ∼20 m/s is the same for different incidence angles. Apart from
thewind speed dependence of σ0, it also has a dependence on incidence angle as shown in Figure 1. However,
due to the limited size of the sample population, the dependence on incidence and azimuth angles cannot
be separated. One way to address this issue is by maintaining a similar incidence angle distribution at all
azimuth angles. This will mitigate the effect and the three‐parameter harmonic model which results can
be considered to represent the azimuthal dependence averaged across all incidence angles. It should be
noted that the strength of the azimuthal dependence may vary with incidence angle. Additionally, note
that if b1 = b2 = 0, the new GMF essentially defaults to the earlier azimuth‐free version.
The σ0 observations are averaged over wind speed bins which are ±4m/s wide, and the parametric
model described above is fit to the observations for wind speed >15m/s by nonlinear least squares
minimization. The three model parameters (a0, b1, b2) are shown versus wind speed in Figures 5a–5c.
The estimated parameters are shown in blue, and the black‐dashed lines represent the 95% confidence
intervals on these estimates. Examples of the full GMF versus azimuth angle at 20, 40, and 60m/s are
shown in Figure 5d. Several important features of the GMF behavior can be observed. First, the
magnitude of σ0 decreases with increasing wind speed, similar to the previous GMF behavior.
Secondly, the azimuthal dependence of the GMF increases with increasing wind speed. Thirdly, the
maximum value of σ0 occurs in the third quadrant for each wind speed, consistent with the GMF mag-
nitude noted in Figure 4b. The minimum lies in the second quadrant, thus has a higher sea age and
fetch conditions.
These effects are further illustrated in Figure 6, which plots the peak‐to‐peak azimuthal variation in σ0 ver-
sus wind speed. The azimuthal variation rises steadily between ∼30 and 55m/s. The drop‐off in azimuthal
variation above 55 m/s may be a result of the small number of samples available and the lower sensitivity
to changes in wind speed.
Figure 6. Peak‐to‐peak azimuthal variation of scattering cross‐section for different wind speeds.
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4. Performance Assessment
To assess the ability of the proposed model to capture the azimuthal variation in σ0, several statistical mea-
sures of performance are considered. The robustness of the model is evaluated by breaking the total data set
into three subsets using every third element. The model is then trained on one subset, and the relative RMSE






Here σ0 is the measurement sample at a given wind speed bin and eσ0 is the model estimate of scattering
cross‐section for a given wind speed and azimuth information. Figure 7a shows the behavior of relative error
versus wind speed for the different combinations of training and testing subsets. The dashed line represents
Figure 7. (a) RMSE for training and testing on three subsets (D1, D2, and D3). (b) RMSE for training and testing of two
independent data sets (D1 and D2).
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the use of the total data set and hence is a test of internal consistency in the generation of the GMF. The large
relative error at the lower wind speeds (<15m/s) is due to the fact that the model has been trained only for
higher wind speeds.
The relative error is consistent over the three different data sets (D1, D2, and D3) as well as over the total data
set thus indicating the robustness of the developed model. Also, for wind speeds >60m/s the relative error
becomes noisy, and this is attributed to the sparse observations at such high winds. Next, the data set is
divided into two independent subsets (D1 and D2) with storms well mixed from different basins and years,
and the analysis is repeated. The result is shown in Figure 7b. The relative error is consistent over a wide
range of wind speeds from 20 to 60 m/s re‐attesting to the robustness of the model.
The next performancemetric is a statistical measure of the percentage of azimuthal variation captured by the
model over different wind speed ranges. The metric used for this purpose is given by
1 −
varðeσ0Þ
varðσ0Þ ∗ 100 ¼
1; if model captures azimuth information completely:
0; if model does not capture any azimuth information:

(4)
Here var(.) refers to the variance of the sample population, σ0 is the measurements and eσ0 the model. The
assumption behind this statistical metric is that the total variance in the observations at a given wind speed is
associated with multiple factors, one of which is azimuthal variation. Since the model explicitly accounts for
azimuthal variation, any residual variance in the model should be due to other factors than azimuthal var-
iation. If the metric is 1, it indicates that the model has captured all of the azimuth information, and if the
metric is 0, no azimuth information is captured. Figure 8 shows the behavior of this metric tested for differ-
ent wind speeds. The metric suggests that the model is consistent and is able to capture greater than 90% of
the azimuthal variation over a broad range of wind speeds between 20 and 60m/s. Lower wind speeds are
shown here for completeness, and again, at higher winds the performance drops due to sparse observations
in the region.
Finally, we evaluate the total error in the observed scattering cross‐section due to the azimuthal variation.
The measure is defined by




Figure 8. Evaluation of azimuthal information captured by the model.
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Here, MSD(.) is the mean squared difference between the observations and the model estimate for a given
wind speed, and var(.) is the total variance in the observation for a given wind speed. If theMSE between the
observation and the model is the same as the variance in the observation, it suggests that no azimuthal error
is observed, and if the MSE is negligible compared to the total variance in the observation, then most of the
error in the σ0 can be associated to azimuthal variation. Figure 9 shows the % error in the scattering
cross‐section caused by the azimuthal variation. The model suggests a 2–8% error in the scattering
cross‐section for the wind speed range 20–60 m/s. The error is close to 2% at 20 m/s and gradually increases
to 8% around 53m/s, then begins to reduce above that. While the overall error due to azimuthal variation is
negligible, understanding the effect of this variation gives important insight into the wave properties inside a
hurricane and its impending impact on the scattering cross‐section. The increase in azimuthal variation with
increase in wind speed also suggests that the GNSS‐R scattering cross‐section could be sensitive to the direc-
tional properties of wind at higher wind speed ranges.
5. Discussion and Conclusion
The specular bistatic scattering cross‐section of the ocean surface in tropical cyclones, as measured by
GNSS‐R radar receivers on the CYGNSS spacecraft, is found to depend on azimuthal location relative to
the direction of storm motion. The dependence is caused by variations in the sea age and fetch length with
storm quadrant, which affects the balance between surface roughness at short (capillary) and long (gravity)
wavelengths. The roughness spectrum, in turn, affects the scattering cross‐section. Amodified GMF is devel-
oped using a second‐order harmonic expansion to represent the azimuthal dependence. The zeroth‐order
term in the GMF is consistent with previous models which have not included an azimuthal dependence.
The first‐ and second‐order terms together explain between 2% and 8% of the total variance in the scattering
cross‐section, with higher explained variance being associated with higher wind speeds. The azimuthal cor-
rections to the GMF are found to be significant above ∼20 m/s. Above ∼60 m/s, the results are inconclusive
owing to the scarcity of samples.
It is worthwhile to note that the current GMF used by the CYGNSS project does not include an azimuthal
dependence in organized storms. Another difference from the GMF developed here is the source of reference
winds. The v2.1 GMF was developed using matchups with near‐surface wind measurements made by the
Stepped Frequency Microwave Radiometer on NOAA hurricane hunter aircraft (Ruf & Balasubramaniam,
2018), whereas the GMF developed here uses matchups with HWRF model winds. Differences in overall
magnitude between the two GMFs are likely a result of these differences.
Figure 9. Error associated with scattering cross‐section due to azimuthal variation.
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The azimuthally dependent GMF has utility in two regards. It can serve as an indicator of sea state develop-
ment in the inner core of tropical cyclones, for use in process studies into air‐sea andwind‐wave interactions.
It could also be used to improve wind speed retrieval algorithms in tropical cyclones that are based on
GNSS‐R observations. Retrieval algorithms essentially invert the GMF to estimate wind speed given the scat-
tering cross‐section, and a more physically representative forward GMFwill allow for a more accurate inver-
sion. This type of study can also be extended to other non‐TCweather systems with younger seas or scenarios
with limited fetch conditions, for example, limited fetch on the lee side of major islands that may result in a
different relationship between wind speed and MSS or σ0 and therefore require a modified GMF for accurate
wind speed retrieval. The next steps in this work will be to implement the proposed azimuthal GMF for
CYGNSS wind retrieval and evaluate its performance.
Data Availability Statement
The Cyclone Global Navigation Satellite System (CYGNSS) Level 1 Science data record version 2.1 were
obtained from the NASA EOSDIS Physical Oceanography Distributed Active Archive Center (PO.DAAC)
at the Jet Propulsion Laboratory, Pasadena, CA (doi: 10.5067/CYGNS‐L1X21). The HWRF reanalysis model
data were obtained from the NOAA/NWS/NCEP/ Environmental Modeling Center (https://www.nco.ncep.
noaa.gov/pmb/products/hur).
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